Abstract: Existing drought indices have been widely used to monitor meteorological drought and agricultural drought; however, few of them are focus on drought monitoring for grassland regions. This study presented a new drought index, the Grassland Drought Index (GDI), for monitoring drought conditions in global grassland regions. These regions are vital for the environment and human society but susceptible to drought. The GDI was constructed based on three measures of water content: precipitation, soil moisture (SM), and canopy water content (CWC). The precipitation information was extracted from the available precipitation datasets, and SM was estimated by downscaling exiting soil moisture data to a 1 km resolution, and CWC was retrieved based on the PROSAIL (PROSPECT + SAIL) model. Each variable was scaled from 0 to 1 for each pixel based on absolute minimum and maximum values over time, and these scaled variables were combined with the selected weights to construct the GDI. According to validation at the regional scale, the GDI was correlated with the Standardized Precipitation Index (SPI) to some extent, and captured most of the drought area identified by the United States Drought Monitor (USDM) maps. In addition, the global GDI product at a 1 km spatial resolution substantially agreed with the global Standardized Precipitation Evapotranspiration Index (SPEI) product throughout the period 2005-2010, and it provided detailed and accurate information about the location and the duration of drought based on the evaluation using the known drought events.
Introduction
Drought is a major environmental disaster, and affects numerous people and various trades [1] . Drought monitoring and forecasting techniques are crucial for reducing society's vulnerability to drought and its subsequent impacts and will lead to better drought-management practices [2] . Grasslands are among the world's most widely distributed vegetation types. The importance of the grasslands lies not only in their vast coverage but also in the diverse benefits they produce [3] . They provide valuable ecological services, such as nutrient cycling and the storage of carbon, and improve local economies by supporting the livestock industry and recreational activities such as tourist. However, because grasslands are generally located in arid and semi-arid regions, they are highly susceptible to drought. Developing an effective drought monitoring method for grasslands is imperative.
Based on the meteorological observations, in recent decades, a series of classical climatic drought indices have been successfully developed to evaluate drought. However, the network of meteorological stations often lacks continuous spatial coverage, especially in mountainous regions [4] . Thus, spatial interpolation is a common method to obtain a continuous spatial distribution of drought conditions based on data from meteorological stations, but there may be considerable uncertainties involved in such an approach because many factors affect the interpolation process [5] .
The remote sensing community defines drought as a period of abnormally dry weather that changes the vegetation cover [6, 7] . Therefore, drought severity can be estimated by monitoring vegetation conditions. Additionally, as it entails pressures from deficient precipitation, drought causes other climate anomalies such as high temperature and low soil moisture and relative humidity [8] . These phenomena allow new approaches to monitor drought and encourage the development of remote sensing based drought monitoring. Using satellite remote sensing to monitor drought offers numerous advantages compared with traditional drought monitoring [9] : (1) The high spatial resolution of remote sensing data; (2) the large coverage of satellite sensors, which reduces the difficulty associated with large-scale drought monitoring; (3) the availability of data for regions with a low density of weather stations; and (4) the ability to conduct drought monitoring from various perspectives by utilizing multi-spectral and multi-angle information on surface features. A review about current and emerging drought monitoring approaches using satellite remote sensing observations can be obtained in [10] .
To date, numerous studies have been conducted related to drought monitoring and the influence of drought on the ecosystem, and there are systems that provide global drought information, such as the University of Washington's Surface Water Monitor [11, 12] , Global Integrated Drought Monitoring and Prediction System [13] , and US-Mexico Drought Prediction Tool [14] . The existing drought indices can be roughly divided into five categories [6, 15] .
The first category includes classical climatic drought indices based on meteorology measurements. One of the most widely used indices was developed by Palmer in 1965 . To better monitor drought in terms of its intensity, duration, and spatial extent, Palmer's original index was extended to create the monitoring in both arid and humid regions by integrating the data of precipitation, NDVI and LST [5] . Abbas used the Vegetation Supply Water Index (NVSWI), calculated as the ratio of the NDVI to the LST, to characterize the development of drought conditions in central Yunnan Province, China [38] . Combining remote sensing data with in situ data from a relatively dense network, such as the Vegetation Drought Response Index (VegDRI) has proven extremely useful [5, 28] . By including six key physical indicators and many supplementary indicators, United States Drought Monitor (USDM) maps have been published online as weekly product for drought monitoring in the US [2] .
Although a variety of drought indices have been proposed to monitor drought and offer different advantages according to the summary above, it is difficult to establish an index that is suitable for all regions and land cover types because droughts can produce different types of changes simultaneously, and these changes may be interpreted in different ways [8] .
We concentrated on drought monitoring for grassland. It is highly beneficial for the regional and global environment. Based on the available information on the water cycle in grassland regions, we selected three layers (air, soil and plants) of the grassland ecosystem as the key factors for monitoring drought. Three indictors for the three layers-precipitation, soil moisture (SM), and canopy water content (CWC)-were calculated using multiple-sensor data and then combined to construct a new drought index, which we named Grassland Drought Index (GDI), to monitor degree of drought for grassland areas. Additionally, we verified the retrieval accuracy of the CWC data using Landsat 8 images and in situ measured data. We then quantitatively and qualitatively validated the drought-monitoring performance of the GDI using the SPI and USDM map, respectively. Our global GDI product for global grassland regions was calculated on a monthly basis over the period 2005-2010, and we then employed the global SPEI product to evaluate the ability of the GDI to capture drought in grassland regions across the globe.
Data
Three types of data-data from meteorological stations, remote sensing data, and ancillary data-were used in this study. The meteorological station data and ancillary data were obtained for the validation process, and the calculation of the GDI was solely based on remote sensing data. Moreover, two sets of remote sensing data were used to validate the GDI at the regional scale and the global GDI product which are both at a spatial resolution of 1 km. For the GDI at the regional scale, the CWC at a 1 km spatial resolution was calculated using the Leaf Area Index (LAI) data and reflectance data from the Moderate Resolution Imaging Spectroradiometer (MODIS), SM was estimated by downscaling the Advanced Microwave Scanning Radiometer (AMSR-E) soil moisture data from 25 km to 1 km, and the precipitation data were directly extracted from the 25-km Tropical Rainfall Measuring Mission (TRMM) monthly precipitation data. To produce the global GDI product, we replaced the AMSR-E soil moisture and the TRMM monthly data with the Global Land Data Assimilation System (GLDAS) soil moisture data at a spatial resolution of 25 km and the Climate Research Unit (CRU) monthly precipitation data at a spatial resolution of 55 km, respectively, to improve the output of the global product. The details of the data we employed are presented below.
Meteorological Station Data
The SPI, developed by McKee [19] , is one of the most widely used drought indices. To calculate SPI, the frequency distribution of precipitation should be constructed using the precipitation data. Then, a gamma probability density function is fitted to the frequency distribution of precipitation, and transformed into the standard normal distribution to obtain the SPI value. By cumulating different timescales of precipitation to construct the frequency distribution, it is possible to obtain the SPI for multiple timescales. A negative value of the SPI means that the region is facing a drought, and the more severe a drought is, the lower the SPI value will be [19, 39, 40] .
To obtain a SPI to validate the performance of the GDI, we obtained monthly precipitation records from all weather stations throughout China for the period 1971-2010 from the China Meteorological Data Sharing Service System [41] . A total of 194 stations located in all types of land cover were available, but only weather stations located in grassland areas were included in the analysis. Based on the land cover product MCD12Q1, data from 49 stations located in grassland regions for more than six years during the period 2002-2010 were extracted.
Remote Sensing Data

MODIS Data
Four types of MODIS products were used to conduct our experiments. For the validation experiment at the regional scale, we selected data for 13 August during the period 2002-2010 to monitor the extent of drought in the region. To produce the global GDI product, the data from a time interval of 32 days and beginning on 1 January in each year during the period 2005-2010 were chosen to produce the monthly GDI product. The details of our chosen MODIS products are as follows: (1) Land cover classifications used to locate the grassland regions were derived from MODIS data (MCD12Q1) with a spatial resolution of 500 m. This approach identifies 17 land cover types as defined by the International Geosphere-Biosphere Program (IGBP). (2) Global surface reflectance values were derived from MYD09A1 with a spatial resolution of 500 m, and the bands used to calculate the NDVI and NDII include red, near infrared and short infrared. (3) An important vegetation structural parameter, the LAI was obtained from MOD15A2 at a spatial resolution of 1 km. (4) The LST at a spatial resolution of 1 km was extracted from MOD11A2, and the daytime LST was used. All MODIS data were obtained from the Level 1 and Atmosphere Archive and Distribution System (LAADS) [42] . Moreover, the MODIS data that are not at a 1 km resolution were resampled at 1 km to address the difference in spatial resolution.
AMSR-E and GLDAS Soil Moisture
To validate the GDI at the regional scale, the soil moisture data used in the study were derived from the AMSR-E Level-3 land surface product (AE_Land3) of the Earth Observing System (EOS) which was developed by the National Space Development Agency of Japan (NASDA) and provided to the US National Aeronautics and Space Administration (NASA). The data were obtained from the National Snow and Ice Data Center (NSIDC) [43] and are at an approximate spatial resolution of 25 km [44, 45] . Because AMSR-E soil moisture data are provided on a daily basis and most MODIS data considered in this study are 8-day tiled products, we calculated the average soil moisture using the ascending and descending bands of the AMSR-E data from the 8 days of MODIS data to conform to the timescale of the MODIS data.
Because AMSR-E soil moisture information is daily data, it would be time-consuming to produce a long-term GDI product, moreover, its temporal coverage is only in 2002-2011. We replaced the AMSR-E data with the GLDAS Noah Land Surface Model L4 monthly 0.25 × 0.25 degree Version 2.0, which provides convenient access to the long-term data. These data are generated on a monthly basis by temporally averaging 3-hourly data, contain a series of land surface parameters simulated from the Noah Model 3.3, and currently cover the period 1948-2010 [46, 47] . The data from January 2005 to December 2010 were acquired to produce the monthly global GDI product from the Goddard Earth Sciences Data and Information Services Center (GES DISC) [48] .
TRMM and CRU Precipitation
The TRMM, successfully launched in 1997 from the Tanegashima Space Center in Japan, is a joint U.S.-Japan satellite mission to monitor tropical and subtropical precipitation and to estimate the associated latent heating. Its monthly rainfall data, the 3B43 dataset were used as the remote sensing precipitation data. Estimated from 3-hourly multi-satellite fields, it primarily covers tropical regions with a latitude band that ranges from 50° south to 50° north, has a spatial resolution of 0.25° and produces data in the form of a monthly precipitation rate (mm/h). The 2002-2010 datasets were obtained from the GES DISC [48] . Given their relatively high spatial resolution compared with CRU data and the non-global coverage of the TRMM data, TRMM data were used to validate the GDI at a regional scale.
The University of East Anglia developed the CRU dataset. Because of their global coverage, we chose CRU monthly precipitation data as the input to produce the global GDI product. The CRU TS (time-series) 3.21 datasets were chosen in the study, which provide the variations in climate over the period and are on resolution grids of 0.5 × 0.5 degrees. The datasets from 2005-2010 were obtained at [49].
SPEI Data
Based on a water balance framework, the SPEI is calculated using both precipitation and temperature data, and it has the advantage of realizing the combination of the multiscalar character and effects of temperature variability on drought assessment [21] . The global SPEI was selected because of its advantages and the convenience of obtaining its data to verify the performance of the GDI for global grassland regions. The global SPEI values from January 2005 to December 2010 were obtained from the SPEI Global Drought Monitor [50] , which offers nearly real-time information on drought conditions on a global scale with the time-scales between 1 and 48 months [51] . Based on the Thornthwaite Equation [52] , the SPEI data at a 0.5 degree spatial resolution and a time scale of six months were used in the study.
Ancillary Data
Ground-Measured Data
The ground-measured data were used to verify the accuracy of CWC retrieval. The field survey was conducted from 2-7 August 2013 in Ruoergai Prairie, Sichuan Province, China. A total of fifty sampling plots (30 m × 30 m) were chosen in flat and homogenous grassland regions which were at least 300 m away from the roads, and were located using the Global Positioning System (GPS). The aboveground grass was clipped from three randomly selected plots (0.5 m × 0.5 m) within each sampling site and were then immediately sealed and transported to the laboratory. When obtaining in situ CWC of the grass, only the leaves of the fresh grass were weighed (fresh weight) while the stems and roots were removed. Dried for 48 hours at 70 °C, the grass was weighed again (dry weight). The CWC was obtained as the difference in values between the fresh weight and the dry weight of the sampled grass.
USDM Maps
The USDM, which provides weekly information on drought conditions in US, was selected to validate our proposed GDI. Established in 1999, it is produced jointly by the National Oceanic and Atmospheric Administration, the U. 
Methodology
The Basic Theory for Constructing the GDI
Since drought is primarily caused by a lack of water, it is important to understand the water cycle of the grassland ecosystem before constructing the GDI. The simplified water cycle is as follows. The water vapor in the air will condense into water under appropriate conditions and then reach the land surface as rainfall. Some of the precipitation will be directly intercepted by the stems and leaves of plants, and this water will rapidly evaporate into the air. Other water will permeate into the soil and increase the soil's moisture content. If there is enough rainfall, the water in the soil will reach the groundwater layer due to gravitational effects. When the water yield is larger than the soil penetrability or the soil is under a water saturated condition, the surface water will develop into puddle and even runoff. The root systems of plants are generally located in the water unsaturated zone between the ground surface and the groundwater layer, and hence plants generally obtain their water from the unsaturated soil layer. This water will return to the air through transpiration by plants and the evaporation of water contained in the soil [54] . Regarding the trees scattered in grassland which have a developed root system that go deep in the water table, their dependence to rainfall and superficial soil moisture will be reduced.
The summary above offers a brief description of the water cycle on land. If there is a long period of deficient precipitation, the soil moisture content will decline sharply due to transpiration by plants and the evaporation of water in the soil, especially in the water unsaturated layer. This will make it difficult for plant roots to obtain water because the water is tightly bound to the soil particles. As the water content of the grass decreases, the plant will suffer from water deficiency and, in turn, sickness or even death. A drought will occur unless the region receives rainfall again [8] . However, if the plants are irrigated by famers or close to rivers, and the soil moisture is sufficient for plants to obtain water for their biological operation, the region will suffer little drought even if precipitation levels are deficient. Consequently, the crucial factor determining whether a drought will occur in a grassland ecosystem is the water content in three layers: the air, the soil, and the vegetation. Single-aspect-based monitoring will not cover the entire relevant scope of drought. Therefore, the new index GDI should comprehensively monitor drought based on these three factors. We chose the three indictors of precipitation, SM and CWC to estimate the water conditions of the air, soil and vegetation, respectively. Then, we combined and weighted them to construct the GDI. Having selected the indicators, another key consideration is the algorithms used to estimate the three indicators.
Retrieving CWC Information
For grassland that is distributed homogenously along the horizontal dimension, the PROSAIL model, which assumes that the canopy is horizontally homogeneous, is suitable to retrieve the canopy parameters of a grassland ecosystem. Numerous studies employed the PROSAIL models to retrieve the vegetation parameters, such as LAI, CWC, and Live Fuel Moisture Content (LFMC), in grassland regions [55, 56] . The PROSAIL model is a combination of the SAILH model and the PROSPECT model to simulate canopy spectral and directional reflectance in the forward and inverse directions [57] [58] [59] . Thus, the physiological processes of the plant canopy can be directly related to remote sensing data [60] . The SAIL model is one of the earliest canopy reflectance models to simulate the bidirectional reflectance factor of turbid medium plant canopies, and was adapted by Kuusk in the early 1990s to the SAILH model to take account for the hot spot effect. The PROSPECT model, which was developed at the leaf level, can simulate the spectral reflectance at a scale of 400-2500 nm. It is based on the representation of the leaf as one or several absorbing plates and requires the leaf mesophyll structural parameter N and the biochemical components of the leaf.
The version of the PROSAIL model used in the study was PROSAIL_5B [61] , which requires the parameterization of 14 parameters. Six input parameters are needed for PROSPECT model: leaf structure parameter, N (unit-less); leaf chlorophyll content, Cab (μg/cm 2 ); equivalent water thickness, Cw (g/cm 2 ); dry matter content, Cm (g/cm 2 ); carotenoid content, Car (μg/cm 2 ) and leaf brown pigment, Cbp (unit-less).
Moreover, eight input parameters are needed for SAILH model: the sun zenith angle, tts (°); observer zenith angle, tto (°); relative azimuth angle, psi (°); soil factor, psoil (unit-less); LAI (m2 × m2); hot spot size parameter, hspot (unit-less) and the two leaf inclination distribution function (LIDF) parameters, LIDFa and LIDFb (unit-less). Performing a sensitivity analysis of the PROSAIL model is useful for reducing the number of input parameters. Because the NDII is sensitive to CWC and is often used to retrieve CWC [62, 63] , we implemented those parameters that are sensitive to NDII as free variables while the insensitive parameters were specified using fixed empirical values. Following studies by [64] , the final free variables we selected are LAI and Cw. Cw was set from 0.005 to 0.08; and LAI ranged from 0.1 to 8. Because other parameters are not sensitive to NDII, they were simply determined by empirical values: Cm was set as 0.009; Leaf mesophyll structure N was set as 1. 
Based on the regression model, the EWT can be retrieved via the inputs of NDII and LAI. Then, the CWC with the unit of g/cm 2 was calculated using CWC = EWT × LAI × 10000. Although the fixed values of the PROSAIL inputs will cause errors in different regions, we ignored such errors for two reasons. First, there is only a single vegetation type in our study and the fixed inputs are not sensitive to the CWC. Second, the CWC will be scaled to relative values using historical values in the next process, and thus the error caused by the fixed inputs will be reduced to some extent. The scaling details are described in Section 3.4. Therefore, we used this regression model to estimate the CWC over the global grassland regions.
The Estimation of SM
The spatial resolution of the global soil moisture datasets is at 25 km which is quite coarse relative to the MODIS data. To calculate the GDI at 1 km, we downscaled the AMSR-E soil moisture data from 25 km to 1 km. According to the studies of Carlson, there is a relationship among soil moisture, NDVI, and LST, which can be expressed through a regression formula [65] . It is possible to downscale AMSR-E soil moisture from 25 to 1 km based on this relationship [66] [67] [68] .
Where subscripts o and s denote the minimum and maximum values. SM represents the soil moisture content. Ignoring the third-order and higher-order terms of Equation (5), we can expand it to obtain a second order polynomial as shown in Equation (6), which was used as the regression model to downscale the AMSR-E soil moisture data in our study. 
We removed the cloudy regions from the remote sensing images using the haze optimized transformation (HOT) method proposed by Zhang et al. [69] , and we also removed regions with invalid values. Based on the clear and reliable data for the selected regions, the 1-km NDVI was calculated using surface reflectance, and the 1-km LST was directly extracted from the MODIS LST product. We then aggregated the NDVI and LST to a 25 km resolution and used these data to determine the regression coefficients for the regression model. Once the regression model was established, the 1 km soil moisture data were estimated by introducing the 1km level NDVI and LST variables into the regression model.
The Normalization and Integration of Precipitation, SM and CWC to Construct GDI
We did not downscale the precipitation data using a scheme similar to that employed to downscale soil moisture; instead, we directly extracted the precipitation data by resampling the TRMM or CRU data at the 1 km level. After the precipitation, SM and CWC variables were acquired, they were all scaled from 0 to 1 for each pixel as Kogan did to construct the VCI using NDVI [30] .
Where P represents the parameters of precipitation, SM, or CWC. The subscript scaled means that the parameters were scaled on the range 0-1, and the subscripts max and min denote the historical maximum and minimum values for each pixel over time, respectively. Therefore, it is necessary to obtain data for the same day from different years to acquire the historical maximum and minimum values. After normalization, the scaled values can represent the temporal change in the parameters over the years.
As shown in Equation (8), GDI is the combination of the scaled precipitation, SM, and CWC values with selected weights. It is a dimensionless index and ranges 0-1. Moreover, a more severe drought will generate a smaller GDI value.
Where PRE represents the precipitation in the region. ω1, ω2 and 1 − ω1 -ω2 are the weights of the scaled precipitation, soil moisture, and CWC, respectively. We adopted the three sets of weights used in the work of Rhee and conducted experiments to identify the weights that have the best performance and selected them as the final weights [5, 70] . Table 1 shows the details of the weights distribution, and GDI-1, GDI-2, and GDI-3 represents the GDI calculated by different weights. Moreover, to give a clear understand about the used data and the algorithm of GDI, the flowchart of calculating GDI was shown in Figure 1 . 
Validation Schemes at the Regional Scale
To assess the performance of the GDI, we conducted three validation schemes at the regional scale for three different validation areas. We first validated the accuracy of the retrieved CWC data, which is one of the components of the GDI, for Ruoergai Prairie, Sichuan Provence, China. In the grassland regions of China, we qualitatively validated the GDI by analyzing the correlation between GDI and SPI and then determined the final weights to construct GDI. Based on the USDM maps, which combines multiple information and ground auxiliary data, we conducted a quantitative validation by comparing the spatial distributions reported by the GDI and USDM over the contiguous US.
Validation of the CWC Retrieval Method in Ruoergai Prairie
The validity of the CWC retrieval method in the study was assessed using ground-measured data collected in August 2013. Because the spatial resolution of the MODIS was too coarse compared with the field data, which can only represent conditions in a very limited region, we employed the 30 m Landsat-8 OLI image to conduct the validation process. An image that covers all of the ground sampling plots in Ruoergai Prairie, Sichuan Provence, China, was obtained on 24 July 2013 from the Earth Resources Observation and Science Center (EROS) [71] . The existing MODIS LAI product is at a 1 km spatial resolution, and hence to acquire the LAI at a 30 m resolution, downscaling is necessary. Based on the MODIS EVI and LAI products at a 1 km spatial resolution, we developed a simple regression model between EVI and LAI and then included EVI calculated based on the reflectance data from Landsat in the regression model to obtain the 30 m LAI [55] . NDII was calculated by the red and SWIR Landsat bands. After we obtained NDII and LAI at a 30 m resolution, Equations (1) and (2) were used to acquire the inverse CWC at a spatial resolution of 30 m.
The validation area in this section is located in Ruoergai Prairie, Sichuan Provence, China. Most of the area is characterized by grassland, and the remaining areas consist of forests, marshes and shrublands. The climate of the areas is cold with an average annual temperature of 0.7°C and an average annual precipitation of approximately 656.8 mm. It has an average altitude of 3500 m and little relief over grassland regions. The detailed location of Ruoergai is shown in Figure 2 . 
Quantitatively Validating GDI using in Situ SPI for the Grassland Regions of China
SPI has been accepted broadly for research and operational use because of its well-known advantages [20] . It is spatially invariant in the interpretation, and can monitor both short-term water supplies and longer-term water resources such as groundwater supplies. By analyzing the correlation between the GDI and SPI, we can roughly assess the effectiveness of GDI. Having adopted the three sets of weights shown in Table 1 , we determined the final weights of air, plants and soil by identifying the weights with the maximum correlation coefficient among them [5, 70] .
Based on data from meteorological stations data in China, the country's grassland regions were chosen as the validation areas for the quantitative validation of GDI, and these regions cover approximately 4 million km 2 , and the in situ SPI was calculated using data from these meteorological stations. According to the classification scheme of IGBP, we considered savanna and woody savanna areas when dividing the study areas because these two land types are also characterized by herbaceous plants. For simplicity, the "grassland" in the study represents a combination of typical "grassland", "savanna" and "woody savanna". The study time was 13 August over the period 2002-2010. Figure 3 shows the detailed distribution of the 49 stations and grassland in China. 
Qualitatively Validating GDI Using USDM Maps in the Contiguous US
Drought is a complex natural disaster, and an SPI solely based on precipitation data will be of limited effectiveness when monitoring land surface conditions. USDM maps based on in situ measurements, remote sensing data, and expert adjustment will help us to interpret complex drought impacts [2] . USDM is considered to be the current state-of-the art drought monitoring tool for the United States. It is important for GDI to provide comprehensive information as USDM maps do. Therefore, we chose USDM maps to conduct our second validation scheme in this section. Because the USDM maps provide a coarse distribution of the drought category, an exact comparison of drought condition is not appropriate. After color rendering the GDI, we compared the USDM maps and the GDI maps, primarily visually. The USDM only monitors drought conditions in the US, and we chose the contiguous US to represent the validation areas in this section. Historically, grasslands occupied approximately one billion acres in US-approximately one half of the landmass of the 48 contiguous states. The majority of the grasslands are located west of the Mississippi River. However, some native grasslands were scattered throughout the Midwestern and Southeastern States [3] . The grassland distribution is shown in Figure 4 , constructed based on the MODIS IGBP land cover classification map of 2010 MCD12Q1. According to the classification map, a large proportion of the contiguous US is characterized by grassland, which is primarily located in the western contiguous US.
Producing Schemes of the Global GDI Product
Based on the global data obtained during the period 2005-2010, using a time interval of 32 days and beginning on 1 January, we produced a monthly global GDI at a spatial resolution of 1 km. Due to the large amount of data involved and the resulting heavy computational burden entailed by a global analysis, the Hadoop platform was adopted to improve computational efficiency. The global data were segmented into numerous tile images according to the MODIS Sinusoidal Grid and were then processed using different computing notes. To calculate SM at a resolution of 1 km, a regression model was developed for every tile image, and the same approach was used to calculate CWC and precipitation. Because the scaled CWC, SM, and precipitation data were acquired for each tile, we obtained the GDI at each tile and then mosaicked them to produce the global distribution of GDI.
Results and Discussion
Validation Results of the CWC Retrieval Method
Based on the sampling plots at the cloudless regions on the Landsat 8 image, we fitted the relationship between the retrieved CWC and the ground-measured CWC values. Figure 5 shows the scatterplots of the results. The slope of the trend line is 0.62. Though the slope of the trend line is not close to 1, this causes little influence to the GDI because the CWC will be scaled to relative values. The important fitting parameters to evaluate the validity of the CWC is the R 2 and RMSE. The R 2 is 0.62, which shows that the retrieved CWC has a good correlation with the measured CWC, and RMSE is 202.7 g/m 2 . The results verified that the adopted method of CWC retrieval is reliable and achieves the aim of estimating the water condition of the vegetation layer in grassland regions. Figure 5 . The scatterplot of the retrieved CWC versus ground-measured CWC.
Results of Validating GDI Using SPI
Downscaling AMSR-E Soil Moisture
Employing polynomial fitting, the data of NDVI and LST in both grassland regions and barren or sparsely vegetated regions were included in the regression model. Then, the aggregated NDVI, LST, and the AMSR-E data for 13 August over a period of 9 years (2002-2010) were used to estimate the regression model. Figure 6 shows the fitting results over the 9 years and Table 2 are the values of the correlation coefficient. 
Validation Results
After eliminating the stations covered by clouds or reporting invalid data, we extracted data from approximately 350 stations during 2002-2010. In addition, the SDCI, which is constructed by integrating the scaled NDVI, LST and precipitation data, and the VHI was chosen as the comparison model. The correlation coefficients (R) were calculated for remote sensing parameters, which are the inputs of the drought indices and drought indices versus SPIs for the grassland regions of China. Tables 3 and 4 report the correlation results. Table 3 shows that the scaled precipitation is highly related to SPI at all timescales. The scaled LST is more related to SPI than it is to the other land surface parameters, and the long-term SPI is relatively weakly related to the scaled LST, which indicates that the LST is sensitive to recent precipitation. However, the scaled NDVI and CWC have a higher correlation coefficient with the long-term SPI than with the 1-month SPI, which is in accordance with the phenomenon whereby vegetation responds to precipitation with a delay. According to the drought studies of Zhang [70] , the relationship between the scaled NDVI and SPI varies considerably across different regions and different months. For arid regions with low vegetation density, the vegetation is substantially affected by the precipitation level. The scaled NDVI and scaled SM are highly correlated with the SPI. Regarding humid regions with high vegetation density, they consistently have a weak relationship with the SPI because vegetation that can obtain sufficient water in the absence of rainfall is affected by other factors. In our study areas, the scaled NDVI, CWC, and SM were weakly related to the SPI at all timescales. One of the reasons for this result is that some grassland areas in China are located in regions with high vegetation densities, thereby reducing the correlation. Another likely explanation is that rainfall affects a large region. A large part of the grass may be substantially affected by precipitation, but the small pixel size of 1 km in a region may introduce uncertainty. Precipitation is not the sole factor influencing the grass. Therefore, the SPI can effectively reflect a meteorological drought, which is defined as a lack of precipitation in a region over a given period of time, but because the measure only considers precipitation, it is difficult to use SPI to monitor drought conditions on the land surface, especially at a high spatial resolution. To realize more comprehensive drought monitoring, ground information is necessary. Table 3 . The correlation coefficient (R) between the scaled remote sensing parameters and the in situ SPI at multiple timescales (1, 3, 6 and 9 month) . TRMM-1, TRMM-3, and TRMM-6 represent the monthly, three-month, and six-month TRMM precipitation data. Table 4 . The correlation coefficient (R) between the drought indices and the in situ SPI at multiple timescales (1, 3, 6 and 9 months). TRMM-1, TRMM-3, and TRMM-6 represent the monthly, three-month, and six-month TRMM precipitation data used in the drought indices, respectively. According to Table 4 , GDI-1, GDI-2, GDI-3, and SDCI have strong correlations with the SPI, and the weight assigned to precipitation substantially affects the correlation coefficients. Following Rhee [5] , we selected GDI2, which has the highest correlation values among the three weights used to construct GDI, as the final GDI algorithm. Therefore, the selected index with weights of 1/2 × PREscaled + 1/4 × SMscaled + 1/4 × CWCscaled was named GDI. In addition, the VHI measure proposed to represent the health of vegetation exhibited low correlation with the SPI. The SDCI has a little higher correlation to SPI than our GDI. The reason is that the NDVI and LST have a higher correlation coefficient than CWC and SM. In conclusion, GDI2 is somewhat correlated with the SPI and yields a similar result to that of SDCI.
Results of Validating the GDI Using USDM maps
Downscaling AMSR-E Soil Moisture
Similar to the AMSR-E downscaling scheme in Section 4.2.2, we acquired soil moisture data for US regions at a 1 km resolution from the AMSR-E soil moisture data, the MODIS LST product, and NDVI calculated based on land surface reflectance. The fitting results between AMSR-E soil moisture data and the soil moisture data reported by the regression model for the period 2002-2010 are shown in Figure 7 . Table 5 shows that the average correlation coefficient R is 0.5288, and that the average RMSE is 0.02 g/cm 3 for the 9 years. The best fitting results are observed for 2002. However the correlations between the LST, NDVI and AMSR-E soil moisture data in the contiguous US are relatively lower than those in China. The fitted SM values are in accordance with those of the AMSR-E product. were compared with the GDI maps. Because USDM maps are created on a weekly basis, maps for the end of the August were used for comparison. When constructing the GDI, we used three types of precipitation data aggregated at different timescales-TRMM-1, TRMM-3, and TRMM-6. The GDI was calculated using these different types of precipitation data to explore which precipitation timescale is appropriate. The GDI-1TRMM, GDI-3TRMM and GDI-6TRMM represent the GDI estimated by TRMM-1, TRMM-3 and TRMM-6, respectively, in the following comparison ( Figure 8 ). Although GDI monitors drought only for grassland regions, all land cover types were included in the mapping for displaying purposes.
The GDI was classified into six classes and rendered in similar colors to those used in the USDM maps to permit more convenient visual comparison. The spatial distributions yielded by the GDI-1TRMM for the period 2002-2010 generally have relatively weak correlation with the spatial distributions in the USDM maps. However, for most of the years, the GDI-3TRMM and GDI-6TRMM generate satisfactory results when comparing their distributions to those of the USDM maps. In some regions, the GDI-3TRMM yields better results, but the GDI-6TRMM exhibits stronger overall correlation with the USDM maps. Therefore, the GDI based on 6-month accumulated precipitation data was chosen as the global product. In Section 4.4, this global product will be generated to monitor grassland drought at the global level.
In 2005, the GDI-1TRMM indicates a severer drought in the northwestern US, but it shows a satisfactory result in the bottom of the US maps. The GDI-3TRMM and GDI-6TRMM exhibit similar distributions to that of the USDM maps, and GDI-3TRMM is relatively more satisfactory. In 2006, the GDI-6TRMM has the best results among the three GDIs, but none of the GDIs were able to reflect the severe drought in the southern US. Our analysis reveals that the reason for this discrepancy is that the precipitation in the regions is in accordance with the USDM maps, but the SM in this region is relatively high compared with that of other years. In 2007, a severe drought occurred in California and contributed to extreme severity of the October 2007 wildfire in California. We can clearly observe that the GDI-6TRMM shows a severe drought in California. In addition, the drought in the southeastern US monitored by USDM is also captured by the GDIs, and the GDI-6TRMM shows the best results by comparison. In 2009, based on short term precipitation, the values of GDI-1TRMM appear too low in the southeastern US. The main drought occurs at the bottom of the USDM maps, and most of the other regions do not suffer from drought. The GDI that is most related to the USDM maps, is the GDI-6TRMM. It successfully reflects the severe drought in the southernmost part of the US and agrees with USDM maps in other regions. 
Generating and Evaluating the Global GDI Product
In this section, the GDI-6CRU were calculated using six-month accumulated precipitation from CRU, and SPEI-6mon represents the SPEI at a time scale of six months. We ignored the regions with negative NDVI values because a negative NDVI value generally indicates that a region is covered by snow, cloud, or water, which will cause errors in the estimation of EWT and SM. To test the performance of the GDI at the global scale, we quantitatively analyzed the spatial concordance between the global SPEI products and the global GDI products over the grassland regions, and the SPEI data were considered on a timescale of six months.
For simplicity, only the GDI and SPEI results for six months per year, including 2005, 2007, and 2009, are presented here. Based on a similar color-rendering scheme as that used for the SPEI, we can visually compare the performance of the GDI. According to month-to-month changes and spatial distributions depicted in Figures 9-11 , the GDI has a similar spatial distribution to that of the SPEI and can capture most of the drought and wetness indicated by SPEI, and GDI has relatively smooth transition in the transitional zones between areas characterized by drought and wetness. The drought conditions over the contiguous US shown by SPEI are very similar to the GDI results for nearly all months during the three years considered. However, the GDI generally shows a severer and more extensive drought, especially for the east of South America in May, July, and September of 2007 and for southern Africa in 2005. The reason may be that the GDI estimation was obtained based on six years' of data, which is a short period compared with several decades. Thus, the ranges of values for precipitation, SM, and CWC were relatively narrow, which resulted in the polarization of the scaled parameters because the scaled parameters were calculated based on the range of their historical values, and thus generated drier and more humid results than those of SPEI. In Australia, the GDI shows a severe drought in March and May 2005, and January and September 2007, while the SPEI shows that the regions suffering from a mild drought. The reason for this disparity is the extreme low scaled precipitation values extracted by CRU. In addition, the drought conditions in Australia that were aggravated from January to November 2009 are successfully monitored by the GDI. In Africa, the drought distribution produced by the GDI is highly concordant with the SPEI results for 2009, but they differ in the severity of the droughts. For northern China, the droughts monitored by SPEI in the three years considered are well identified by the GDI.
The categories of the SPEI were obtained from the SPEI Global Drought Monitor. However, the categories in the GDI maps were not determined based on an in-depth investigation but arbitrarily classified for display purposes, which will also cause visual errors. Therefore, more meaningful break points for the GDI values should be found for the scientific display of the drought scale in further work.
To conduct a further evaluation about the performance of the global GDI product, we investigated the drought events happening during 2005-2010 and recorded their location and date of occurrence. Four severe drought events were chosen, and were introduced in following. Though SPEI is in a coarse spatial resolution of 0.5 degree (approximate 55 km), to make an easy comparison between GDI and SPEI, SPEI in grassland regions was extracted also based on the 1-km land cover types. According to the above comparison based on the four drought events, GDI captured the location and the variation time and trend of the drought. SPEI also captured the drought, but there were some undesirability when monitoring the time of drought changing. Moreover, GDI in a spatial resolution of 1 km provided much more detailed information about the drought than SPEI which is in a spatial resolution of 0.5°. 
Conclusions
This study proposed a new index, called the GDI, for drought monitoring in grassland ecosystems. Based on the analysis of the water cycle in grasslands, we selected precipitation, CWC, and SM as input indicators to estimate the water conditions in the air, vegetation, and soil layers, respectively. Because the monitoring object of the GDI is the grassland, which is horizontally homogeneous, the PROSAI model was employed to estimate the CWC. The SM downscaling method was used to generate the SM at a 1 km scale, and the precipitation data were directly obtained from exiting precipitation data. The GDI was constructed by combining the three indicators, which were scaled from 0 to 1 based on their historical values. By analyzing the correlation between the GDI and the SPI, we determined the weights of the three indicators and completed the construction of the GDI.
According to the validation using the in situ SPI at the regional scale, the results showed that the GDI was in accordance with the SPI and had a similar performance to that of the SDCI. The correlation coefficients between the SPI and GDI are approximately 0.6. In addition, most ground information were weakly related to the SPI with the correlation coefficient less than 0.3, which means that it would be difficult to monitor the drought condition of the ground based solely on precipitation data. Regarding the comparison between the GDI and USDM maps, the GDI combined with the TRMM-6 exhibited satisfactory drought-monitoring performance and agreed well with the USDM for most of the years considered. The global GDI successfully captured most of the drought and wetness identified by the SPEI, but there were some differences concerning drought severity. In addition, according to the further evaluation about the global GDI product using the four happened drought events, GDI well captured the location and the variation time and trend of the drought, and it provided much more detailed information about the drought that SPEI thanks to its high spatial resolution of 1 km.
Because the innovation of GDI is its comprehensive drought monitoring through the integration of CWC, SM, and precipitation data, the algorithm for estimating these indicators can be optimized or replaced. There are several limitations of GDI which can be optimized. (1) The weights assigned to the precipitation, CWC, and SM variables in our study may not be suitable for all regions, and they can be adjusted for different purposes and regions. For example, if the study focuses more on the drought impacts on land surface, the weights of CWC and SM can be increased; (2) The parameters used in PROSAIL model to estimate CWC were based on a general condition of grassland. To reach a more accurate estimation in a certain region, the parameters can be optimized based on the priori knowledge of the local ecosystem conditions. Moreover, the large spatial heterogeneity of vegetation might affects the estimation of CWC; (3) The uncertainties of 1-km SM will increase in regions where SM is weakly correlated with vegetation and temperature, because the variability of 1-km SM is described primarily by the vegetation index and LST changes. The downscaling methods was employed in the study for its simplicity and easy availability of the necessary inputs while generating global products, but a more suitable method that can better capture the variability of 1-km soil moisture can be adopted if the study is at regional scale; (4) The temporal coverage of the data used to generate global product was six years, using data with a longer temporal coverage will help for a more accurate estimation about drought and its impacts. Though there are a few limitations that can be optimized, the methods and model parameters used in the study can provide a valuable reference for drought monitoring. The regional validation section in this study was based solely on data from August, which is during the growing season for our regions. We did not explore the drought effects caused by different seasons in detail; but we roughly compared the global GDI with the global SPEI in different months. In our next work, we will conduct a more comprehensive study of drought effects in different months.
